Variation in individual characteristics has a generally recognized impact on the 49 dynamics of populations, and pathogen transmission is no exception. In infectious 50 diseases, the focus has been on heterogeneities in transmission through their nonlinear 51 effects on the basic reproduction number, R 0 , in ways which are unique to these 52 systems [7][8][9][10][11] . In TB, as in other communicable diseases, this approach motivated the 53 proliferation of efforts to collect data on contact patterns and superspreading events, 54 to unravel structures that may affect transmission indices and models. The need to 55 account for variation in disease risk, however, is not unfamiliar in epidemiology at 56 large, where so-called frailty terms are more generally included in linear models to 57 improve the accuracy of data analysis 12 . The premise is that variation in risk of 58 disease (whether infectious or not) goes beyond what is captured by measured factors, 59
Global stakeholders including the World Health Organization rely on predictive
3 intensification of control efforts from 2020 onwards is focused on single parameters. 145
The outcomes are consistently outperformed by integrated efforts that address all 146 three parameters simultaneously (in black, as above) and, specifically, addressing 147 reactivation is crucial for meeting the targets in all scenarios. Prevalences of latent TB 148 infection (LTBI) calculated from our model trajectories (30.8% in Vietnam, 16.6% in 149
Brazil, and 19.7% in Portugal, in 2014) are consistent with estimates from a recent 150 study 20 . Even though these percentages are somewhat smaller than those expected by 151 the homogeneous model counterpart (Extended Data Table 5 ), and heterogeneity 152 reduces the impact of interventions that primarily reduce reactivation rates 1 increase the size of the reported effects in the highest incidence regions due to the 176 induction of a reinfection threshold 1, 22 . 177
(Extended 153
The notion that heterogeneity affects the results of population models and analyses is 178 not new 3,23-25 , but we still face a general inability to measure it. We advance a 179 concrete way forward for infectious disease transmission models, which is based on 180 routinely collected data. Measures of statistical dispersion (such as the quantiles used 181 here or the Gini coefficient 26 ) are commonly used in economics to represent the 182 distribution of wealth among individuals in a country, and to compare inequality 183 between countries, but rarely used in epidemiology 27 . Measuring disease risk of an 184 individual is less direct than measuring income, but surely this can be overcome in 185 creative ways for specific diseases. 186
We have focused on tuberculosis, and shown how to approximate distributions of 187 individual risk from suitably structured disease notification and population data ( Fig.  188 4), and how to summarize the information into a simple risk inequality coefficient 189 26 . Although rarely used in 201 epidemiology, similar metrics can be used to describe inequalities in disease risk 27 . 202
Here we construct a Lorenz-like curve for each study country from TB notifications 203 and population data structured by municipalities (level 2 administrative divisions). 204
Municipalities are ordered by incidence rates (from low to high) and cumulative 205 percentage TB notifications are plotted against cumulative percentage population. By 206 construction, this results in a convex curve between (0,0) and (100,100), which 207 would be a straight line in the absence of inequality. A risk inequality coefficient 208 (RIC) can be calculated as the ratio of the area between the curve and the equality 209 line, over the area of the triangle under the equality line (Extended Data Fig. 2) . This 210 gives a number between 0 and 1, which is analogous to the Gini coefficient used to 211 describe income inequality, with the exception that while income can be measured at 212 the individual level for the constructions of Lorenz curves, the assessment of TB risk 213 cannot be made by analyzing individuals directly, but must be approximated from
In this paper, we use Lorenz curves to inform risk distributions for TB transmission 216 models and propose their use more widely. However, this requires access to detailed 217 datasets, which may be impractical at the global level. This incommodity may be 218 circumvented by having National Tuberculosis Programs (NTP) to pack the 219 information into a RIC summary that modelers can then unpack as appropriate for 220 their models. 221
Extended Data Fig. 3 compares alternative Lorenz curves generated for Vietnam, 222
Brazil and Portugal to explore the effects of timespan and group size. As we must 223 comply with the administrative divisions already established in each country, level 2 224 appear to offer the best compromise between resolution (the smaller the units, the 225 closer we get to measuring individual risk) and occurrences (the larger the units, the 226 larger the numbers and the better the risk discrimination 13 ). Regarding timespan, the 227 longer the data series the better. 228
Mathematical model 229
We adopt a TB transmission model adapted from previously published studies 1, 15 , 230 
241 where 1 is the "risk" of individuals in group i in relation to the population mean 242 = 1, and the basic reproduction number is 243
where áa 2 ñ is the second moment of the "risk distribution". We use "risk" and "risk 245 
Moving target 296
The model, with the estimated risk distribution, parameters, and initial conditions, 297 fitting the incidence of Brazil in 2002 (52.0 per 100,000), is solved forward in time 298
with a constant decline in reactivation rate as to meet an arbitrarily fixed target of 299 halving the incidence in 10 years (to achieve 26.0 per 100,000). As in the calculation 300 of risk variance above, also here we refer to a simple numerical calculation performedby binary search. We write the reactivation rate as = 0.0013 O P (QJDFFD) per 302 year, and approximate R in order to meet the assumed incidence target by year 2012. 303
So, starting with an initial reactivation rate of 0.0013 per year, we find that meeting 304 the target by this strategy alone, would require R = −0.1087, or equivalently a 305 decline in reactivation by 1 − O P = 10% each year. This is to say that, in 10 years, 306 the reactivation rate would have been reduced to approximately 0.0004 307 (heterogeneous set of columns in Extended Data Table 2 ). 308
Suppose that these estimations and projections were being made by the mean field 309 approximation of the same model, and the outcomes were monitored yearly and 310 readjusted if necessary. The result would have been that R = −0.0732 would 311 suffice, corresponding to a yearly decline in reactivation rates of only 1 − O P = 7% 312 to meet the target. Since the real population is heterogeneous, however, we simulate 313 this decline for the first year with the heterogeneous model. The result is that, instead 314 of achieving the projected incidence of 49.6 per 100,000, the measure lags with a 315 reduction to only 50.4 per 100,000, a result that the homogeneous model would 316 attribute to a failure in the effort to reduce reactivation. Indeed, from the 317 homogeneous frame, an observer would have erroneously concluded that the decline 318 had been by only R = −0.0473, and would have re-estimated the effort to meet the 319 target over the remaining 9 years, now with an intensification to compensate for the 320 lag of the first year ( R = −0.0765). This process is simulated recursively for 10 321 years to populate Extended Data Table 2 The dynamics of the mean risk of infection in the uninfected and latent compartments 324 as the described interventions proceeds are shown in Extended Data Fig. 5b todemonstrate the action of cohort selection. This is the key process leading to the 326 deviation between the homogeneous and heterogeneous models. 327
Control measures 328
The 33 , and is not essential for the purposes of this paper. This 335 approach leads to exact solutions which can be approximated numerically using 336 binary search algorithms. 337
As interventions proceed we monitor the improvements being made on the target 338 parameters. Improvements correspond to decline in the probability of 
